Abstract Spatial mapping of the marine environment is challenging when the properties concerned are difficult to measure except by shore-based analysis of discrete samples of material, usually from sparsely distributed sites. This is the case for many seabed sediment properties. We developed an indirect approach to mapping the organic content of coastal sediments from hydro-acoustic reflectance data. The basis was that both organic matter and acoustic reflectance are related to sediment type and grain size composition. Hence there is a collateral relationship between organic matter content and reflectance properties which can be exploited to enable high resolution mapping. We surveyed an area of seabed off the east coast of Scotland using a vessel mounted single beam echosounder with RoxAnn signal processing. Organic carbon, nitrogen and phytoplankton pigment contents were then measured in material from grab and core samples collected at intervals over a year. Relationships between the organic components and hydroacoustic characteristics were derived by general additive models, and used to construct high resolution maps from the acoustic survey data. Our method is an advance on traditional interpolation techniques sparse spatial data, and represents a generic approach that could be applied to other properties.
Introduction
Habitat mapping is an important prerequisite for the sustainable management of marine ecosystems. Maps are required to assess environmental quality, develop management zoning schemes within marine protected areas, and to evaluate the impacts of disturbance (ICES, 2005) . Predictive models of physical and biological information and full coverage spatial distribution maps are increasingly demanded but generally lacking (ICES, 2005; Young, 2007) . Full coverage habitat maps can be created from point sampling data using statistical interpolation methods (e.g. 'Kriging') and/or by developing statistical models, where physical, chemical and biological properties (e.g. sediment grain size and benthos community) are linked to 'full coverage' information (e.g. Digital Elevation Models and acoustic ground discrimination data) (Verfaillie et al., 2006; Degraer et al., 2008) .
Knowledge of the seabed coastal sediments and morphology off the east coast of Scotland (North Sea) is largely based on 1:250,000 scale maps produced from core and dredge surveys (several km between samples) and seismic data collected by the British Geological Survey (BGS) in the 1970s and 1980s (e.g. Baxter et al., 2008) . These indicate that the inshore sediments in the area are relatively uniform and composed of sand and gravel. Muddy sediments are shown as located offshore in deeper water and around the major estuaries to the north and south. However, recent hydro-acoustic surveys (Serpetti et al., 2011) have shown that sediments in a section of the inshore waters are actually composed of a wider range of sediment types ranging from muddy sand to boulders and rock.
The organic matter content and biological communities of seabed sediments are strongly related to grain size characteristics (McBreen et al., 2008) , and sediment porosity and permeability (Winterwerp & Van Kesteren, 2004; Janssen et al., 2005) , although inconsistencies between boundaries defined by the sediment classification schemes, chemical characteristics and biological communities are often found. An alternative is to use statistical approaches to relate continuous physical and chemical characteristics of sediments to categorical biological assemblages (Verfaillie et al., 2006; Degraer et al., 2008; McBreen et al., 2008) .
In this article, we capitalise on the statistical relationships between organic composition of sediments and their physical properties, to develop Generalised Additive Models (GAMs) linking organic matter content to data generated by an Acoustic Ground Discrimination System (AGDS; RoxAnn), and thereby produce full coverage spatial distribution maps of sediment total organic carbon, total nitrogen, chlorophyll and pheophytin. The purpose was to establish a basis for planning an investigation of the environmental processes that regulate nutrient fluxes across the sediment-water interface, and provide the opportunity to upscale results from in-depth investigations that are only possible at a limited number of discrete stations.
In areas where the seabed is too deep for light to penetrate to the sediment surface and support algal growth, and in the absence of chemosynthetic production, the sole source of organic matter (OM) is sedimentation from the photic zone above. In shallow shelf waters up to 50% of phytoplankton production can settle to the seabed (Jørgensen et al., 1990; Canfield et al., 1993; Wollast et al., 1998) , providing a rich food supply for the benthic community (Conley & Johnstone, 1995) . Most of this particulate organic material is mineralised in the sediment, enriching pore water nutrient concentrations and recycling nutrients back into the water column (Rutgers Van Der Loeff, 1980; Ehrenhauss et al., 2004) . The organic matter supply is then mostly controlled by the primary production rate in the surface waters, the depth through which particulate material must settle, and the bulk sedimentation rate (Calvert, 1987) . In areas where the seabed is deeper than the base of the photic zone, organic matter concentrations in sediment are generally positively correlated with the proportion of fine-grained material, (Winterwerp & Van Kesteren, 2004) , decrease with the median grain size (Lohse et al., 1995) , and can be influenced by topographical features of sediment surface (Janssen et al., 2005) . In shallower waters, additional factors are involved including resuspension events and terrestrial inputs (Jenness & Duineveld, 1985; Ogrinc et al., 2005) .
Materials and methods
The study area, of *180 km 2 , was located between latitude 56°54 0 N and 57°03 0 N off Stonehaven, northeast Scotland, UK. The sediment characteristics were highly variable throughout the area ranging from muddy sand to boulders and rock, and the depth ranged between 14 and 57 m (Fig. 1a, b) . A single beam RoxAnn acoustic survey was carried out in the study area and a supervised classification scheme discriminated 12 sediment classes (Fig. 1a) (Serpetti et al., 2011) .
Acoustic roughness and hardness variables
Single beam RoxAnn acoustic surveys (SIMRAD EK60 38 kHz echosounder) were carried out in the study area by FRV 'Scotia' (December 2006) and RV 'Clupea' (March 2008) . The first survey consisted of a set of 50 parallel tracks orientated along the axis of the tidal ellipse, which was approximately parallel to the coast. At the survey speed of the vessel, the mean along-track distance between beam foot-print centres of successive acoustic samples was 45 m, and the tracks were on average 160 m apart. The duration of the survey was 54 h, and the total distance covered by the vessel was 826 km. The most inshore track by the vessel came within 1 km of the shore, which was the closest that the vessel was able to approach at the survey speed of 8 knots. The second survey was carried out, at the same average speed, to collect data from the near-shore zone during which transects were conducted perpendicular to the coast line and overlapped with the first acoustic survey tracks. The acoustic systems saved data on indices of seabed roughness and hardness at 10 s intervals along the survey track in both surveys, resulting in a combined data set of hydro-acoustic roughness and hardness indices at approximately 19,600 locations (Serpetti et al., 2011) .
Sediment sample collection
Spatial sampling surveys of sediments were carried out in April 2007 and September 2008 by the research Fig. 1 a RoxAnn supervised map identifying 12 sediment classes raging from muddy sands to sediment with pebbles and cobbles (from Serpetti et al., 2011) . Class 1, smooth, very fine muddy sand; class 2, smooth, very fine-fine muddy sand; class 3, smooth, medium sand; class 4, smooth, gravelly medium-coarse sand with pebbles; class 5, boulders; class 6, slightly rippled, fine muddy sand with ophiuroids present; class 7, slightly rippled, fine-medium sand with ophiuroids present; class 8, gravelly muddy sand with pebbles and cobbles with Alcyonium digitatum present; class 9, rippled, fine sand; class 10, rippled, mediumcoarse sand; class 11, gravelly muddy sand with cobbles and high concentration of A. digitatum; class 12, gravelly muddy sand with boulders and high concentration of A. digitatum. b Bathymetry map. For map details see Serpetti et al. (2011 ) Hydrobiologia (2012 vessels RV 'Clupea' and RV 'Alba na Mara', respectively (Fig. 1) . The aim of these surveys was to obtain spatially distributed grab samples of the seabed sediment for measuring physical (median grain size, percentage of mud content, sorting level, skewness and kurtosis) and chemical properties (total organic carbon (TOC%) and total nitrogen (TN%) and chlorophyll-a (Chl-a) and pheophytin-a (Pheo-a) content (Chl-a and Pheo-a only in the second survey)). During the first survey, fifty grab sampling locations were chosen by random assignment within each of nine spatial strata identified by a preliminary unsupervised assessment of the AGDS data (Serpetti et al., 2011) with 3 locations per class plus 23 in proportion to their data abundance in the study area. During the second survey, a further 54 locations were sampled and an underwater television system towed for 1-2 min at each station. On both occasions, seabed samples were collected with a Day grab (0.1 m 2 ). On recovery of the grab, overlying seawater was first syphoned off and a photograph taken of the exposed sediment. A nominal 5 cm long 9 2.5 cm diameter sub-sample was then removed by means of a core tube pressed into the grab material and frozen in a sealed plastic bag for grain size and chemical analyses.
In addition to the grab sampling surveys described above, core sampling was carried out at approximately monthly intervals between June-08 and July-09. On each occasion, three replicate core samples were collected with a MiniMuc corer deployed from the vessel 'Temora' at seven locations (A, B, C, D, E, F and G) characterised by different sediment properties and depths in the study area (Fig. 1) . The locations coincided with seven of the grab sampling sites in the September-08 survey. A total of 174 cores were collected and sliced at 1 cm intervals to create vertical profiles of subsamples for analysis. TOC and TN concentrations were measured only in the upper 1 cm slice of each core, whilst pigments were measured in 0-1 cm and 1-5 cm slices. Pigment data from the two depth horizons in the cores were combined to give data in the upper 5 cm so as to correspond with the grab sample data.
Grain size analysis
Sediment samples were freeze-dried and sieved in the laboratory using a sieve shaker through 8, 4, 2 and 1.4 mm mesh for 7 min; each sieved fraction was weighed to 0.01 g. Grain size smaller than 2 mm was analysed by laser granulometry using a 'Mastersizer 2000 0 instrument (Malvern Instruments Ltd., UK). The 2.0-1.4 mm fraction from both sieving and laser diffraction were compared to ensure that a representative sub-sample had been used in the Mastersizer 2000. The cumulative weight percentages below each sieve fraction were calculated and combined with the cumulative volume percentage for each size range measured by the instrument, which had been adjusted to account for the [1.4 mm fraction, to obtain a full particle size range from 0.49 to 8000 lm. For each sediment sample, median grain size, mud content, sorting level, skewness and kurtosis were then derived.
Sediments were categorised according to grain size using a combined classification based on the UddenWentworth scale (Udden, 1914; Wentworth, 1922 ) and Folk's classification system (Folk, 1954) . As for the Udden-Wentworth scale, the classification was based on the median grain size distinguishing sediment from very fine sand to boulders. However, as for Folk's classification system, a sand:mud ratio between 1:1 and 9:1 defined 'muddy' sediments (sand refers to fractions smaller than 2 mm; mud refers to fractions smaller then 63 lm), while 'slightly gravelly' or 'gravelly' sediments were defined for a percentage of gravel between 1-5% and 5-30%, respectively.
Total organic carbon and total nitrogen analysis
Percentages by weight of total organic carbon and total nitrogen (TOC% and TN%) in the freeze-dried sediment samples were measured using a ThermoQuest Flash EA 1112 elemental analyser, which uses a combustion method to convert the sample elements to simple gases (CO 2 , H 2 O and N 2 ). For the total organic carbon, the samples were acidified with HCl in silver cups prior to the analysis to remove the inorganic carbon fraction (ThermoQuest FlashEA 1112 elemental analyser operating manual, 1999).
Chlorophyll-a and pheophytin-a analysis Pigments in weighed sub-samples of the freeze-dried sediment were extracted by soaking in a known volume of 90% buffered acetone for 24 h, in the dark at 3-5°C in a centrifuge tube. During this time the samples were regularly shaken and then centrifuged for 10 min at 3000 rpm. For each sample the fluorescence of the supernatant before and after acidification was measured with a fluorometer (Turner 10-AU) which had previously been calibrated against a Chl-a standard. For pigment extractions and analysis a modified method expired by Lorenzen (1967) and Arar & Collins (1997) was used. The Chl-a and Pheoa concentrations in each sample were then calculated according to Strickland & Parsons (1972) and referenced to the weight of sediment used for the extraction.
Chemical contents modelling ANOVA tests were used to analyse the significance of variations between measurements made on the sequential samples collected from each site over the 14 month core sampling period, and between the measurements made in cores and the spatially and temporally coincident grab samples collected during the September-08 survey.
Longitudes and latitudes of the grab and core sample locations were used to extract, using a nearest neighbour algorithm, the corresponding roughness, hardness and depth values in the AGDS dataset. Graphical exploratory techniques were used to check for outliers, while the variance inflation factor (VIF) and the Pearson correlation were used to check for collinearity among the explanatory covariates. VIF values higher than 3 (Zuur et al., 2010) , or higher than 5-10 ( Montgomery & Peck, 1992) are considered the cut-off levels, while Pearson correlation values greater than 0.8 indicate a clear linear relationship between two variables (Zuur et al., 2007) . Generalised Additive Modelling (GAM) was then used to relate the response variables (TOC%, TN%, Chl-a and Pheo-a) to the seabed sediment acoustic properties (roughness, hardness and depth) and to the sampling month. The collinearity between the smoothing terms of the GAM was also analysed using the concurvity function (Wood, 2003) . To avoid model over-fitting the maximum number of the smoothing parameters (k) was fixed (Cawley & Talbot, 2010) .
Model cross-validations
Model validations were carried out by analysing the normality, present in the model assumption, plotting the theoretical quantiles versus standardised residuals (Q-Q plots), and the frequency distributions of residuals. Collinearity was checked using the Pearson correlation coefficient and homogeneity of variance by plotting residuals versus fitted values (Zuur et al., 2010) . Further model validations were performed by dividing the grab and core sample dataset into a subset used for fitting the GAMs, and an independent validation subset to which predictions by the fitted GAMs were compared. Because sediment pigment contents were measured only during the second grab sampling survey, different proportions of all datasets (271 and 225 data points between core and grab samples for TOC (and TN) and pigments, respectively) were selected for fitting and validation of TOC% and TN% (70% for the fitting subset (190 samples) and 30% for the validation subset (81 samples)) and for Chl-a and Pheo-a (90% for the fitting subset (202 samples) and 10% for the validation subset (23 samples)). The independent validation subsets were a random selection from four strata defined by the AGDS roughness and hardness at the grab and core sampling locations. GAM predictions for the organic content at the validation sample locations were compared with the actual measurements by Pearson correlation. The correlations were calculated for three and five independent random subsamples of the datasets for TOC% and TN% and for Chl-a and Pheo-a, respectively. All analysis and statistical tests were carried out using the software R version 2.6.2 using the libraries mgcv and akima.
Full coverage modelling spatial maps
The fitted GAMs relating organic matter content to AGDS roughness and hardness were used to predict sediment chemical content and the corresponding relative standard errors of the predictions for the roughness and hardness of each observation in the RoxAnn dataset (*19,600 points), each of which had an associated latitude and longitude. Predicted values and relative standard errors were then spatially interpolated to a cylindrical projection geographical grid for contouring using the 'Kriging' method (software package Surfer TM ). The grid cell geometry was 0.0017 9 0.0017 decimal degrees, which at the latitude of the study site corresponded to *100 m in the east-west direction and 185 m in the north-south direction. This corresponded approximately to the raw data density from the AGDS (45 m along-track (southwest-northeast) distance between data points, and 160 m between tracks (northwest-southeast). The 'Kriging' interpolation scheme employed either spherical or linear variograms with a nugget effect. The most appropriate variogram was chosen for each parameter to be mapped based on the match to the theoretical and experimental variograms (e.g. Verfaillie et al., 2006) . The relative standard errors of the GAMs predictions at each AGDS data point represented the error of the fit of the GAMs with respect to the original grab data used to develop the models.
The 'Kriging' interpolation process also generated a source of error that represents the spatial distribution of the fit of the interpolated surface to the predictions from the GAM. To assess the contribution of this source of error we extracted the 'Kriging' standard deviations at each grid node and transformed these to relative standard errors by dividing the estimated values by the square root of the number of data points used for the estimations at each node. This number was in principle variable over the grid but because of the high density of the data the number of points per grid node involved in the gridding process was limited to 64 by the 'Kriging' process.
Spatial maps of directly interpolated grab sample TOC data
A spatial distribution map of sediment TOC and associated standard error, chosen as an example, was derived with direct interpolation from the point location grab samples, to compare with the map produced by application of the fitted GAM to the acoustic data fitting. We used the same 'Kriging' method with a spherical variogram and a nugget effect as applied to grid the TOC GAM model output data. The grid cell geometry was 0.0015 9 0.0015 decimal degrees. In this case, the error of the gridding process is the only source of error. In the same way as described for the full coverage maps, we transformed the standard deviation grid to relative standard error: however, in this case the variogram used all the grab samples available (97) as the maximum number of points involved in the gridding process within the variogram distance at each grid node. To estimate the number of grabs involved in the interpolation process at each grid node we used a nearest neighbour algorithm within the maximum distance defined by the variogram.
Results

Modelling chemical element concentrations
All the organic matter variables were highly correlated with each other, and with the sediment mud content (Table 1) . However, their relationships with median grain size were not linear (Fig. 2) , showing an initial decrease of TOC% (chosen as an example) with a corresponding increase of median grain size up to *400 lm, and increasing thereafter. Of the proposed explanatory variables, roughness and depth were highly inversely and linearly related (r = 0.93, Table 1 ) and also the VIF analysis showed a correlation between the covariates roughness (8.9), hardness (1.4) and depth (9.1). After discarding the depth covariate, which had the highest VIF value, no remaining correlation was detected between the explanatory variables roughness and hardness. Depth was therefore excluded from the analysis on the grounds of being the least descriptive of seabed characteristics.
The exploratory analysis of the organic content variables identified one outlier for total organic carbon and total nitrogen in the first grab sampling survey that was removed.
ANOVA tests did not identify significant seasonal variations in the core sample dataset for TOC% and TN% (P [ 0.5). In contrast, highly significant differences were found for the pigments Chl-a and Pheo-a (P \ 0.001) with higher concentrations in summer compared to winter months. Moreover, no significant differences were found between TOC% and TN% measured in the 0-1 cm depth core and grab samples collected at the same locations (P [ 0.5). In contrast, pigment concentrations were significantly higher in the 0-1 cm core sample horizons than in the corresponding 0-5 cm grab samples. However, 0-5 cm pigment concentrations in the core and corresponding grab samples were not significantly different (P \ 0.05).
The optimum GAMs for the chemical properties were a Gaussian fit with the following forms:
where s represents a regression spline smoother, and k the maximum degrees of freedom allowed. These models explained 54.8, 48.4, 65.3 and 64.1% of the deviance for TOC%, TN%, Chl-a and Pheo-a, respectively, and were all highly significant at P \ 0.001. The estimated degrees of freedom were from 4.8 to 4.9 for all the bio-dimensional smoothers roughness-hardness and 7.2 and 5.1 for the seasonality trends of Chl-a and Pheo-a, respectively. The concurvity test did not show collinearity between the smoothed explanatory variables included in the final models.
Model cross-validations
Predictions from the GAMs fitted to the randomly selected subsets of the data, were in all cases significantly correlated with the remaining independent validation data (Table 2 ). Hence, we assert the validity of the GAMs as descriptors of the organic matter content of the sediments with respect to AGDS roughness and hardness.
Predicting chemical element concentrations
The concentrations of carbon, nitrogen and pigments were predicted by the fitted GAMs for each of the AGDS data points (hardness and roughness) and for the month of May for Chl-a and Pheo-a (Fig. 3) . The results showed that the highest values (0.7-0.9%, 0.07-0.09%, 2.6-3 lg g -1 and 9-10 lg g -1 , for TOC%, TN%, Chl-a and Pheo-a, respectively) corresponded with smooth, soft sediments (low roughness and hardness). In addition, all response variables showed a secondary peak in the interior of the roughness-hardness domain space (hardness *1.2, roughness *0.75). In the case of the pigment variables, these also showed significant seasonal variation with elevated concentrations in summer months (May-August) for mean values of roughness and hardness (Fig. 4) .
The relative standard errors of the predictions (Fig. 5) were low (10-30%) over most of the AGDS data domain and increased to maximum values (50-60%) for extreme and scattered roughness and hardness values. Chlorophyll-a and pheophytina showed, respectively, the highest and the lowest predicted relative standard error distributions for the extent of the acoustic data.
Spatial distribution maps
The spatial distributions of the organic matter components predicted by the fitted GAMs were clearly related to the sediment classes established from the AGDS data. Highest values (0.8-0.9% for TOC, 0.08-0.09% for TN, 2.6-3 lg g -1 for chlorophylla and 9-10 lg g -1 for pheophytin-a) corresponded with the very fine muddy sediment in the north of the study area (Fig. 6a, b, c, d , and Fig. 1 , RoxAnn class 1). Mid-range concentrations (0.5-0.6% for TOC, 0.05-0.07% for TN and 1.8-2.2 lg g -1 for Chl-a) were predicted over a different range of sediment types (Fig. 1a , RoxAnn class 3, 6, 7 and 8) including the south of the study area, corresponding with gravelly muddy sediment with pebbles, cobbles and boulders (Fig. 1, RoxAnn classes 8, 11 and 12 ). Pheo-a differed from the other variables, showing high predicted concentrations in the gravelly muddy sediments. The lowest values for all response variables (0.2-0.3% for TOC, 0.02-0.03% for TN, 0.6-1 lg g -1 for Chl-a and 3-4 lg g -1 for Pheo-a) were predicted in deepest areas, where the sediments were medium-coarse sands with pebbles (Fig. 1a, class 4) , and in shallow areas dominated by fine sand (Fig. 1a, class 9 and 10) . The highest relative standard errors were recorded (Fig. 6 , e, f, g, h) in these sediments and also in the southwestern corner of the study area which contained areas of boulder and rock (Fig. 1, class 11 and 12) .
In principal, the process of 'Kriging' the GAM predictions at each AGDS data location to the regular geographic grid introduced an additional source of error in the maps of each variable. However, due to the very high data density, we estimated the relative standard error due to 'Kriging' to be between 0.6 and 2.8% for maximum and minimum values of TOC, respectively, as an example. Similarly, for the other response variables the contributions of 'Kriging' to the overall relative standard errors in the maps were insignificant compared to the standard error of the GAMs.
Spatial maps of directly interpolated grab sample TOC data
Spatial maps produced by direct 'Kriging' interpolation of the grab sample TOC data (Fig. 7a) showed a similar pattern to the map generated by the GAM model (Fig. 6a) , identifying the highest concentrations in muddy sediments in the northern half of the study area, and medium in the mixed muddy, sandy, gravel sediments in the south. Standard errors of the gridded distributions were *10-20% over most of the survey area and increased exponentially to 100-200% in the centre area shallow waters (Fig. 7b) .
Discussion
Conventional spatial interpolation based on point samples (Holtmann et al., 1996) , and creating statistical models to predict relationships between response and full coverage explanatory variables, are the two possible approaches which can be used to develop full coverage distribution maps of seabed properties. The second approach has been widely used to develop macrobenthos distribution maps linking habitat suitability models, based on biological data from points in different datasets and accompanying physical data (Shin, 1982; Guisan & Zimmermann, 2000; Vanaverbeke et al., 2002; Caeiro et al., 2005; Degraer, 2008) . Discriminant function analysis (DFA) is the validated statistical approach applied in these cases where the response variable is a categorical entity.
In this study, we used both direct interpolation and statistical modelling approaches to develop maps of the organic matter content of seabed sediments. The first approach, applied for TOC as an example, which involved 'Kriging' to interpolate point grab sample data onto a rectangular grid, produced smooth distribution maps (Fig. 7) , which lacked the graininess of the full coverage maps derived by statistical modelling of the data relative to AGDS measurements (Fig. 6) . The standard errors of the two approaches were similar over most of the study area but for the first approach also increased exponentially in areas lacking grab samples. The key issue in a comparison of the two approaches was therefore the extent to which the graininess of the full coverage maps was a genuine reflection of the spatial distribution of the response variables, or merely an artefact originating from the structure and variability of the underlying AGDS data.
Sediment organic matter content and acoustic properties
The relationships between organic matter content and AGDS properties of seabed sediments which emerge from our analysis arise principally because AGDS roughness and hardness are good predictors of mud content and median grain size, to which the organic components are closely related (McBreen et al., 2008) . The 'plasticity' of GAMs that maximise the quality of prediction by estimating unspecific (non-parametric) functions of the predictor variables allow us to identify non-linear multi-dimensional relationships between response and explanatory variables. However, there are a number of factors which might complicate the relationship between organic matter and AGDS data.
Seabed sediments typically show detailed vertical structure, and the penetration of the AGDS acoustic beam into the sediment is difficult to evaluate. Penetration varies with the acoustic frequency and the grazing angle, with grain size, porosity and permeability of the receiving sediment, and also with different macrofauna communities (Chotiros et al., 1997). Hence, the depth interval over which we sampled organic matter could be critical. However, in the RoxAnn system, the initial part of the first returning echo that contains ambiguous sub-bottom reverberations is removed (Chivers et al., 1990) , so that the derived indices of roughness and hardness refer predominantly to the upper few cm of sediment.
The length of sub-sample cores taken from the grab samples was nominally 5 cm, but the penetration of the grab into the seabed was somewhat variable depending on sediment type and the ability of the survey vessel to maintain position during the sampling operation. The core samples, on the other hand, were discretely sub-sampled at different depths. Because TOC and TN concentrations did not show seasonal variations and did not vary at different sediment depth we used measurements analysed in the top 1 cm (for these variables no significant differences were found between concentrations measured in the grab samples and the upper 1 cm of the core samples). However, pigments showed a strong seasonal variation, so for these response variables we used concentration measured in the top 0-5 cm of the cores to combine with the grab samples. The seasonal patterns in our data were represented by the core sampling data which was focused on only seven sites, whilst the spatial patterns were represented by the grab sampling which covered [100 locations, but only on two occasions. Hence, we were unable to resolve interactions between space and time in our GAMs, and modelled time as an additive factor rather than a multiplicative factor. The consequence is that our GAMs predict the same relative seasonal pattern of variation in Chl-a and Pheo-a at all locations regardless of sediment type.
In our dataset, the relationship between organic matter and fine-grained sediment fractions (Winterwerp & Van Kesteren, 2004; McBreen et al., 2008) was confirmed by the high correlation values of TOC and TN and Chl-a and Pheo-a with the percentage of mud (0.91, 0.9, 0.6 and 0.73, respectively, Table 1 ). However, the expected decrease of organic matter with increase of median grain size (Lohse et al., 1995; Janssen et al., 2005) did not extend to sediments with median grain size greater than 400 lm (Fig. 2) . This was due to poor sorting of the sediments and multimodal grain size distributions combining fine grain fractions with, for example, pebble and cobbles. Hence, high ([10%) mud content, which is the main determinant of organic matter content, was often combined with high values of median grain size (stations 33, 38 and 39 in Table 3 and stations 24, 26, 27 and 29 in Table) (Fig. 2) .
Hardness, as estimated by the AGDS, was highly correlated with the sediment grain size distributions (Serpetti et al., 2011) . Roughness gave an indication of the topographical features of the sediment surface (e.g. ripples) which can influence the transport and sedimentation of organic matter (Jenness & Duineveld, 1985; Janssen et al., 2005) . In addition, roughness showed an extremely high negative Pearson correlation (-0.9, Table 1) with seabed depth: highest roughness values corresponding to shallow water sediments. In our study, the two variables are basically inter-changeable and the VIF analysis suggested which one to exclude. Considering the strong linear correlation between the two variables, roughness also represents the expected dependency of organic matter on depth (Jørgensen et al., 1990; Canfield et al., 1993; Wollast et al., 1998) . The concurvity test, a generalisation of collinearity that can occur when using explanatory variables that can vary smoothly in space and/or time (Wood, 2003) , also showed a strong collinearity between the smoothed covariates when depth was included as an explanatory variable; no concurvity was found after its removal.
Maps of predicted response variables
Our data confirmed that cohesive sediments are richer in organic matter than sandy sediments (Lohse et al., 1995; Janssen et al., 2005) with low percentage of mud (Winterwerp & Van Kesteren, 2004) . Hence, the spatial distributions of chemical properties showed that the area of very fine muddy sediment in the north of the study area (Fig. 1, class 1 ) is a depositional area where organic matter is accumulating. Lowest values of organic matter were predicted for well-sorted, shallow water fine sand and smooth medium-coarse sand and boulders in deep waters. However, relatively high concentrations of TOC, TN, Chl-a and especially Pheo-a were also predicted for hard sediment in the south of the area, characterised by poorly sorted gravelly muddy sand with pebbles and cobbles. Percentages of mud greater than 10% recorded in this area (Table 3, stations 33, 38 and 39, and Table 4 , stations 24, 26, 27 and 29) were presumably responsible for this distribution. In the case of Pheo-a, the high concentration predicted in this area could reflect a high degradation rate of pigment in this type of sediment. Chlorophyll is degraded relatively fast compared to pheophytin by the removal of the Mg atom from the tetrapyrole ring. More than 95% of the pigment degradation happens very rapidly in the water (half-life of days) (Patoine & Leavitt, 2006) . In the sediment, the decay of pigments is generally less rapid (Leavitt, 1993) and Chl-a, as a labile carbon source, can be used to trace the early diagenesis of organic matter in lakes and coastal marine sediments (Furlong & Carpenter, 1988; Sun et al., 1991 Sun et al., , 1993 Stephens et al., 1997) . The degradation of chlorophyll to pheophytin is influenced by a range of factors such as oxygen availability, exposure to light and microbial and macrofauna abundance (Stephens et al., 1997; Bianchi et al., 2000) . Under oxic conditions, which are generally present in gravelly medium-coarse sands (Janssen et al., 2005) , the chlorophyll decay rates are higher than in cohesive anoxic sediment (Boon & Duineveld, 1998; Bianchi et al., 2000) . This explains the high concentration of Chl-a (Fig. 6c ) in very fine muddy substrates and, due to the refractory property of pheophytin in the sediment (Stephens et al., 1997; Patoine & Leavitt, 2006) , the high Pheo-a concentration (Fig. 6d ) in gravelly coarse muddy sediments. Low concentrations for all response variables were predicted in the shallow inshore waters (Fig. 6c, d ). Shallow coastal waters are usually zones of high productivity and turbulence where nutrients are mixed into the water column (Jenness & Duineveld, 1985) , but sediments are frequently re-suspended by wave action and tides. Phyto-detritus is less likely to settle in such conditions and is presumably transported to less turbulent areas to settle instead (Creutzberg et al., 1984) . The very fine muddy sands, located in deeper waters, represent the depositional and accumulation area for fine-grained particles and organic matter formed or carried into the study area.
Spatial distributions of high relative standard error indicated where the model did not fit with the observed data. There are different factors that could result in high values of error. Relative standard errors for the response variables (Fig. 5) were higher at the extremes of roughness and hardness range where both the acoustic and grab sampling data were sparse. These areas are shown by the black points in Figs. 3 and 5 that illustrated grab samples and acoustic data densities in the RoxAnn space. In particular, we have low confidence in the predictions for sediments in the south-western corner of the study area (Fig. 1 , classes 11 and 12) where we were unable to collect grab samples: five planned grab sampling stations, located in this area, failed (stations 30 and 42 in Table 3 and 40, 41 and 42 in Table 4 ): the video recorded during the ground truthing surveys showed small patches of muddy sediments in between boulders and attached Alcyonarian species Alcyonium digitatum (for video details see Table 3 in Serpetti et al., 2011) . These sediments correspond to a range of roughness and hardness values above 1 (Fig. 3) . High relative standard errors were also predicted very close to the shore in the shallowest sediments in the centre of the study area: potential inputs of terrestrial organic matter (land runoff and riverine inputs), could explain this error. The remineralisation of refractory terrestrial organic matter in the marine environment is less efficient than that of marine organic matter (Burdige, 2005) , so further validations are required to asses the terrestrial contribution to the organic matter content of the shallow inshore waters (e.g. carbon and nitrogen isotope signatures).
Comparing the predicted values of the response variables and their relative standard errors in the RoxAnn space (Figs. 3, 5 ) with the corresponding spatial distribution maps (Fig. 6 ) it is evident that the extrapolations of predicted values for high roughness and hardness areas, where both grab samples and acoustic data were sparse, represented a small geographical part of the whole study area. Hence, high predicted relative standard errors (greater than 30%) actually affect only a small number of locations.
The time dependency of the Chl-a and Pheo-a (Fig. 4) showed that these parameters of the organic content of the sediment are not stationary, or circular, since there was no exact correspondence between predicted concentrations at the start and end of the time series. This underlined the differences between the 2 years in which the study was carried out: the Chl-a and Pheo-a concentrations measured in June 2008 were higher than in June 2009 (Serpetti et al., in preparation) . However, these high concentrations reflected the seasonal patterns of this pigment in the The term ''NA'' indicates the stations where the grab failed, and the underlined number indicates concentration below the detection limit Hydrobiologia (2012) 680:265-284 281 water column indicating that the phyto-detritus in the sediment in June-08 was of very recent origin: hence we can not assume that the overall seasonal patterns are constant between years (Serpetti et al., in preparation) . The keys of the mapping method developed in this article are the well known relationships between the RoxAnn properties roughness and hardness with sediment features and grain size distribution (Hamilton et al., 1999; Foster-Smith et al., 2004; Serpetti et al., 2011) and between these sediment physical properties and organic matter contents (Winterwerp & Van Kesteren, 2004; Janssen et al., 2005; McBreen et al., 2008) . For this reason, this approach could be potentially extended and applied to other study areas supplying high resolution maps of organic matter and/or sediment characteristics in coastal waters. Moreover, the flexibility of the statistical method allows adding other potential factors to improve the model performance. For example, water depth and distance from the coast line, which in our case were not significant, could affect the distribution of organic matter and the sediment physical characteristics in other study areas.
Conclusion
In-depth sediment biogeochemistry investigations are only possible at a limited number of discrete stations: modelling and mapping tools allow us to upscale the results to a wide study area. By means of GAM modelling, we have been able to extend the utility of AGDS data to mapping spatial distributions of organic carbon, nitrogen, Chl-a and pheophytin-a identifying the factors that can influence them.
